wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

IEMRINEHB B R RFE I G E
PrEafR, Brfb, BXE

5IAEX

PRERR, B, BXE. BRAINSRINMITRTZITTEN]. ITENRE 2023, 50(11): 114-121.
CHEN Jiajun, CHEN Wei, ZHAQO Lei. Road Network Topology-aware Trajectory Representation
Learning [J]. Computer Science, 2023, 50(11): 114-121.

HBUXEEE (BERXINE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)

EF SN ERTRMENIEEESRNEB T ERBE—ES T

Novel Graph Convolutional Network Based on Multi-granularity Feature Fusion for Aspect-
basedSentiment Analysis

HHEMREEE, 2023, 50(10): 80-87. https://doi.org/10.11896/jsjkx.230600036

MEEFIFERRINIEERETTransformer FIGESF IR
Non-autoregressive Transformer Chinese Speech Recognition Incorporating Pronunciation-
Character Representation Conversion

HENRIE, 2023, 50(8): 111-117. https://doi.org/10.11896/jsjkx.220600144

ET N FRE N HIEROEFEN IS RERE
Task Scheduling Strategy for Energy Consumption Optimization of Cloud Data Center Based on
Improved Particle Swarm Algorithm

HEHRIE, 2023, 50(7): 246-253. https://doi.org/10.11896/jsjkx.220900176

EX S —HEREGRRISIER
Arbitrary Image Style Transfer with Consistent Semantic Style

HENRSE, 2023, 50(7): 129-136. https://doi.org/10.11896/jsjkx.220700008

HEF A Yolova-tinyUiEE8 Birma N EX
Lightweight Target Detection Algorithm Based on Improved Yolov4-tiny
HEHEIE, 2023, 50(6A): 220700006-7. https://doi.org/10.11896/jsjkx.220700006


https://www.jsjkx.com/CN/10.11896/jsjkx.221000058
https://www.jsjkx.com/EN/10.11896/jsjkx.221000058
https://www.jsjkx.com/CN/10.11896/jsjkx.230600036
https://doi.org/10.11896/jsjkx.230600036
https://www.jsjkx.com/CN/10.11896/jsjkx.220600144
https://doi.org/10.11896/jsjkx.220600144
https://www.jsjkx.com/CN/10.11896/jsjkx.220900176
https://doi.org/10.11896/jsjkx.220900176
https://www.jsjkx.com/CN/10.11896/jsjkx.220700008
https://doi.org/10.11896/jsjkx.220700008
https://www.jsjkx.com/CN/10.11896/jsjkx.220700006
https://doi.org/10.11896/jsjkx.220700006

0 'H‘ :ﬁ‘ *’h ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 221000058

B M RN R RFE ST

BFEr B F & F
AMAKFWHHENBFEERAFEK TH # M 215006
(20204227012@ stu. suda. edu. cn)

W E NAKMY = T 4hiE k75 3 (Trajectory Representation Learning, TRL) & T 5 A W £, BP A T IRAT 2 W %
(RNN) fe Kk 42 492 10 (LSTMD 8 B S (AU B R T AEZEAMAN G F IER, RECLARARUE T TR & 2ENBR
BEATEA . (DAAGERRETEI Z R LB THABRZAGEBBEE, REASHESRGEIEHNEZL (DA TH
EE NN G F IR EEPE Fe P KT LRI T IR e KR T A TF T LR E, RRRIFZ & T
HRBIBELAEAE, AT, XPRET —AHehhd & 75 J A TRMS, #Z A4 A KA F B 4 ik & KA AL AE % DeepWalk
HE AFEANERBE MG IcIEH, RGH B2 FE A AH F» Masked Seq2Seq F T ER AL A kW EMT K MESLHFIE, &
Jo AT A FHIEHIFEHATFERE,LEREAW, TRMS 24 . F KT ey LT L, AR TRFOALT &,
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Road Network Topology-aware Trajectory Representation Learning

CHEN Jiajun,CHEN Wei and ZHAO Lei

School of Computer Science and Technology,Soochow University,Suzhou,Jiangsu 215006, China

Abstract The approaches developed for task trajectory representation learning(TRL) on road networks can be divided into the
following two categories.i. e. ,recurrent neural network(RNN) and long short-term memory (LSTM) based sequence models,
and the self-attention mechanism based learning models. Despite the significant contributions of these studies, they still suffer
from the following problems. (1) The methods designed for road network representation learning in existing work ignore the tran-
sition probability between connected road segments and cannot fully capture the topological structure of the given road network.
(2)The self-attention mechanism based learning models perform better than sequence models on short and medium trajectories
but underperform on long trajectories.as they fail to character the long-term semantic features of trajectories well. Motivated by
these findings, this paper proposes a new trajectory representation learning model, namely trajectory representation learning on
road networks via masked sequence to sequence network(TRMS). Specifically, the model extends the traditional algorithm Deep-
Walk with a probability-aware walk to fully capture the topological structure of road networks, and then utilizes the Masked
Seq2Seq learning framework and self-attention mechanism in a unified manner to capture the long-term semantic features of tra-
jectories. Finally,experiments on the real-world datasets demonstrate that TRMS outperforms the state-of-the-art methods in em-
bedding short,medium,and long trajectories.

Keywords Road-network, Topological structure, Trajectory representation learning,Sequence model, Self-attention mechanism
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Table 3 Results of trajectory similarity search
BJ-Medium PT-Medium
MR HR@10 MR HR@10
LCSS 71.49 0.453 64.41 0.482
EDR 461.63 0.164 455. 20 0.196
Fréchet 25.27 0.802 22.67 0.827
t2vec 49. 38 0.764 47. 84 0.782
Toast 12.10 0. 847 11.47 0.863
TRMS 8.56 0.875 7.28 0.901

F23E TR — 0 O AN LT B AT 55 S8 A5 2R 40
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HRNR, TDW B 554 50 Hh 42 9 5 9 B 46 Fh 25 #0015 8. .

(3)ITF ACC@1 #5475, TRMS FE A% .o KB 7 I
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WO\ A AR BE ML BT O LR K E N R B I E
W&k Encoder M Ay oA #E 15 F Bt v £ I 78 1 SCRFAE , 8] B
REALR A R AL 3E— 2542 48 A oA 5 45 B B I A AR B
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Table 4 Performance comparison of next location prediction
Task BJ-Short BJ-Medium BJ-Long PT-Short PT-Medium PT-Long
as
ACC@1  ACC@5 ACC@1  ACC@5 ACC@1  ACC@5 ACC@1  ACC@5 ACC@1  ACC@5 ACC@1 ACC@5
CSRNN 0.778 0.914 0.793 0.931 0.563 0.714 0.821 0. 954 0.838 0.954 0.672 0. 860
t2vec 0. 786 0.933 0.814 0.941 0.587 0.728 0. 830 0.965 0.852 0.971 0. 694 0.874
Trembr 0. 804 0. 946 0. 825 0.949 0.562 0.701 0.842 0. 969 0. 857 0.976 0.688 0. 865
HRNR-MSN 0.812 0.952 0.833 0. 854 0.614 0.772 0. 85 0.974 0.871 0.983 0.731 0. 882
Toast 0.823 0. 949 0. 841 0.943 0.541 0. 694 0.853 0.981 0. 879 0.975 0.617 0.813
TRMS 0. 847 0.981 0.867 0.978 0.653 0.807 0.878 0.992 0.907 0.995 0.763 0.917
R 5 LT RE LA
Table 5 Performance comparison of destination prediction
Tack BJ-Short BJ-Medium BJ-Long PT-Short PT-Medium PT-Long
as - - - - - - - - -

ACC@1 ACC@5 ACC@1 ACC@5 ACC@1 ACC@5 ACC@1  ACC@5 ACC@1 ACC@5 ACC@1 ACC@5
CSRNN 0. 564 0.756 0.611 0.823 0. 389 0.571 0.659 0.877 0.695 0. 857 0. 544 0.748
t2vec 0.578 0.783 0.634 0. 845 0. 384 0.566 0.683 0. 890 0.711 0.874 0.567 0.761
Trembr 0. 604 0.813 0.647 0.853 0.397 0.575 0.699 0.904 0.736 0.892 0.559 0.753
HRNR-MSN 0.624 0.842 0.651 0. 857 0.425 0.642 0.708 0.909 0.752 0.913 0.573 0.772
Toast 0.633 0. 849 0.662 0.871 0.376 0.562 0.715 0.913 0.763 0.925 0.452 0. 654
TRMS 0. 651 0.879 0. 687 0.902 0.463 0.674 0.736 0.947 0.794 0.960 0.614 0. 805
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